Abstract This study analyzes forecasts of U.S. ending stocks for corn, soybeans, and wheat issued by the USDA. The proposed efficiency tests focus on forecast revisions. Forecast errors are decomposed into monthly unforecastable shocks and idiosyncratic residuals. The error covariance matrix allows for heteroscedasticity and auto-correlations. Results suggest that the USDA forecasts are inefficient, providing strong evidence that the USDA is conservative in forecasting the ending stocks. Unforecastable shocks are heteroscedastic, and idiosyncratic residuals are small. Results are consistent across the three decades analyzed, but soybean forecasts are found to be considerably worse from 2005 to 2015.
behavior accordingly (e.g., Bauer and Orazem 1994; Garcia et al. 1997; Isengildina-Massa et al. 2008a , 2008b Adjemian 2012) .
Ending stocks measure the carryover of a commodity that enters the supply side of the market in the following marketing year. These stocks are a measure of the scarcity of the crop just before the next crop harvest, and they play an important role in the decision-making process for agricultural producers, processors, and policymakers. For producers and processors, the ending stocks provide information on the relative strengths of crop supplies versus demands. This information influences the prices producers and processors face and the production decisions they make. Ending stocks or the stocks-to-use ratio (the ratio of ending stocks to the overall usage of the crop during the marketing year) are often used as a major indicator for price forecasting. For example, Irwin and Good (2016) re-examined the connection between stocks and prices for use in price forecasting. Over the past few years, producer groups have raised some concerns about the USDA's ending stocks estimates, especially for soybeans (e.g., Anderson 2016) . Overestimates of ending stocks could lead to lower prices for producers as the market anticipates ample supplies, whereas underestimates of stocks could lead to higher prices. For the three crops examined in this study (corn, soybeans, and wheat), the last ten years (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) have included sizable shifts in demand and ending stock levels: corn and soybean demand has risen with the development of biofuels; Chinese demand for soybeans has increased dramatically; global wheat trade has experienced significant shifts.
Policymakers also examine ending stock levels as they explore, propose, and negotiate agricultural policy. For example, during the "food vs. fuel" debate surrounding the high crop prices from 2010 to 2012, two bills were introduced in the U.S. Congress to adjust the Renewable Fuels Standard based on the projected levels of corn ending stocks (Renewable Fuel Standard Flexibility Act 2011 , 2012 . Thus, consistent, accurate forecasts of crop ending stocks are crucial to agriculture.
There are two major sources of crop ending stock forecasts: the USDA and private analysts. The USDA produces ending stock forecasts to provide summary agricultural data to all participants in the agricultural markets. Private analysts produce ending stock forecasts to assist their clients in their agricultural business opportunities. In both cases, the provision of consistent, accurate forecasts is critical as the forecasts summarize the current and expected market situations and outline the uncertainties faced by market participants and policymakers. For both entities, the forecasts begin over a year before the final estimates are determined. The first few forecasts include both supply and demand uncertainty as the crops are still growing. Later forecasts reflect mainly demand uncertainty, as production estimates are derived from the crop harvests.
Within the USDA, two entities monitor crop ending stocks. The World Agricultural Outlook Board (WAOB) is the entity that produces the ending stock forecasts reported in the WASDE reports, and it is their forecasts that we are investigating. The USDA's National Agricultural Statistics Service (NASS) surveys crop producers and crop storage facilities to determine the final ending stock values and does not provide ending stock forecasts. However, the quarterly crop stock reports published by NASS provide guidance to the WAOB as they create the ending stock forecasts.
Many studies in agricultural forecasts have analyzed the accuracy and efficiency of USDA price and production forecasts (e.g., Irwin, Gerlow, and Liu 1994; Bailey and Brorsen 1998; Manfredo 2002, 2003; Good 2004, 2006; Irwin, Sanders, and Good 2014) . In contrast, little attention has been paid to the ending stock forecasts. To the best of our knowledge, only Botto et al. (2006) and Isengildina-Massa, Karali, and Irwin (2013) have included ending stock forecasts in their analyses. Botto et al. (2006) used a frequentist approach to investigate the accuracy of USDA ending stock forecasts and estimated the trends in the forecast accuracy over the marketing years 1980/81 through 2003/04. These researchers find a significant downward trend in the variance of forecast errors when the forecast horizon shortens; they also find that almost all balance sheet categories are significant in explaining errors in ending stock forecasts. Isengildina-Massa, Karali, and Irwin (2013) analyzed how WASDE forecast errors are affected by selected behavioral and macroeconomic factors over the marketing years 1987/88 through 2009/10. These researchers found strong evidence of inefficiency for both types of factors for the ending stock forecasts.
USDA ending stock forecasts are fixed-event forecasts because they are made for a specific target (ending stocks), but have different forecast horizons. In this case, the forecasts all target the crop stocks being held at the end of the marketing year. Previous research on fixed-event forecasts has often examined macroeconomic variables such as the inflation rate, interest rate, and real and nominal GDP growth rates (e.g., Clements 1995 Clements , 1997 Romer and Romer 2000; Harvey, Leybourne, and Newbold 2001; Clements, Joutz, and Stekler 2007) . The models in the literature can be classified into two main categories, namely those based on Nordhaus (1987) and the ones following Davies and Lahiri (1995, 1999) .
The models based on Nordhaus (1987) focus on forecast revisions; Nordhaus introduced a weak efficiency test that only uses information on past forecasts because the forecast history is always in the forecaster's information set. The test consists of assessing whether changes in forecasts are affected by past forecast changes. Nordhaus (1987) applied the test to several macroeconomic, energy consumption, and oil price forecasts; he found significant autocorrelations in the revisions of these forecasts. Isengildina, Irwin, and Good (2006) extended Nordhaus' test and applied it to evaluate the USDA crop production forecasts.
Unlike the Nordhaus model, the framework advocated by Davies and Lahiri (1995, 1999) directly focuses on the forecast errors. These authors decompose the forecast errors into the sum of unforecastable shocks and the forecaster's own idiosyncratic errors. The Davies and Lahiri framework provides a way to explain why forecasts made at a date closer to the target event tend to be more precise. Specifically, the fact that early forecasts typically have large mean squared errors can be explained by the stack of unforecastable shocks. As the forecasting horizon shortens, unforecastable shocks are gradually revealed so that less uncertainty remains. This approach is in line with studies of fixed-event forecasts in other areas (e.g., see Egelkraut et al. 2003 , for crop production forecasts). Lahiri and Sheng (2008) sought to generalize the Nordhaus model and strengthen the power of the efficiency test. These authors' approach differs from Nordhaus in that current forecast errors are required to be uncorrelated with current forecast revisions, whereas Nordhaus (1987) requires the same for past revisions. Lahiri and Sheng (2008) also discuss concerns about an assumption within the Nordhaus framework that forecasters include new information in a consistent manner for any given forecast horizon. As these authors point out, information flow is not consistent over time and forecasters may adjust their incorporation of new information, depending on the forecast horizon.
Based on the Davies and Lahiri framework, Clements, Joutz, and Stekler (2007) first analyzed forecast revisions by differencing the forecast errors. In this way, these authors avoided the possible problem that could arise in the original Davies and Lahiri model if the dependent variables are correlated with the errors. However, Clements, Joutz, and Stekler only investigated the relationship between non-adjacent forecast revisions, as endogeneity would occur if adjacent forecast revisions were used. Therefore, these authors did not consider the impact of the most recently updated information. In addition, they simplified the estimation by only considering the diagonal elements of the error covariance matrix, or restricting the idiosyncratic errors to be zero.
The purpose of the present study is to examine the efficiency of USDA ending stock forecasts, using an estimation framework based on the model proposed by Clements, Joutz, and Stekler (2007) . We revisit the Nordhaus (1987) and Davies and Lahiri (1995, 1999 ) models and investigate forecast revisions by emphasizing the link between the forecasts and the forecast target, which is not included in the original Nordhaus test. Our framework also decomposes the errors into the sum of unforecastable shocks, which can be viewed as a structure to address the uneven information flow noted by Lahiri and Sheng (2008) , and the USDA's own idiosyncratic residuals. Specifically, we take into account the USDA's correction of its own errors. If such corrections occur and forecasts are efficient, then adjacent forecast revisions must be negatively correlated as the adjacent forecast revisions contain the same forecast.
1 Thus, the results from the original Nordhaus test are biased if the USDA in fact does correct its own errors.
The present study explores the efficiency and potential biases within the USDA ending stock forecasts. The proposed model includes an error covariance matrix that is unique for crop ending stock forecasts. The analysis is performed by means of a Bayesian Markov Chain Monte Carlo (MCMC) approach. This method allows the estimation of the regression coefficients and the complex error covariance matrix in one iteration step, which yields the full posterior distributions for the parameters of interest, including the error variances that are likely to be skewed.
The remainder of the study is organized as follows. The next section reviews the background models for analyzing the fixed-event forecasts, and introduces the advocated model for evaluating crop ending stock forecasts. The subsequent section describes the data and introduces the estimation methods, followed by a section that discusses the results. The final section provides concluding remarks.
Model
The present study evaluates USDA crop ending stock forecasts by testing for bias and efficiency. The null hypothesis is as follows:
1 If the current forecast revision equals F t -F t-1 and the previous forecast revision equals F t-1 -F t-2 , then they share the error related to F t-1 . Given the signs of F t-1 in each revision, this creates the negative correlation between the forecast revisions.
Usda Forecasts Of Crop Ending Stocks H 0 : USDA crop ending stock forecasts are unbiased and efficient. A rejection of H 0 indicates that USDA forecasts are inefficient and can be improved upon by using existing information.
Previous Models
Empirical studies on testing forecast bias and efficiency are typically based on Mincer and Zarnowitz (1969) :
In the present application, lnS t represents the logarithm of the realization of the ending stocks of a given crop at the end of marketing year t, F t;n is the USDA n-month-ahead log forecast of the ending stock S t , a and b are parameters, and error t;n is an error term.
2 Under the null hypothesis, H 0 : a; b ð Þ ¼ ð0; 1Þ, USDA forecasts of ending stocks are unbiased. A preferred specification is obtained by imposing b ¼ 1 in regression (1) and rearranging the terms, which yields
The difference ðlnS t À lnF t;n Þ represents the forecast error of the n-monthahead USDA forecast. Regression (2) is widely used because it is more intuitive and does not require the forecast F t;n to be uncorrelated with the residual in regression (1). Another advantage of regression (2) over regression (1) is that standard inference tests can be applied to it, even if ending stocks S t are non-stationary (as they most likely are).
In the case of forecasts of fixed events, such as ending stocks, the regression errors in (2) are correlated because they cover overlapping periods (i.e., error t;n and error t;m>n overlap over period n). To address this issue, the research based on Nordhaus (1987) focuses on forecast revisions ðlnF t;nÀ1 À ln F t;n Þ instead; he noted that testing for strong efficiency is very difficult because it is impossible to incorporate into the test all of the information available at the time the forecasts are issued. Nordhaus thus introduced a weak efficiency test that is solely based on past forecasts because the latter are always available to the forecaster.
A forecast is said to be weakly efficient if both the current forecast error and forecast revision are independent of all past forecast revisions. Nordhaus' test for weak efficiency is based on estimating the following regression for each t:
where f t;n follows a normal distribution with fixed variance. For each year, the test is performed by pooling overall forecast revisions in that year. A c t that is significantly different from zero means a rejection of weak efficiency, implying that forecasts can be improved upon by using information from past forecasts. Isengildina, Irwin, and Good (2006) modified the Nordhaus model by pooling overall forecast revisions for a certain month instead of a certain year to reduce the number of regressions to be estimated. IsengildinaMassa, Karali, and Irwin (2013) further extended it by including a bias term and additional public information. Lahiri and Sheng (2008) introduced an efficiency test similar to Nordhaus, but under more generalized restrictions, and pooled the forecasts by the forecast horizon.
In contrast, Davies and Lahiri (1995, 1999) focus on forecast errors directly. These authors postulate that fixed-event forecasts are characterized by two types of errors, namely, the unforecastable shocks within the forecasting cycle and the forecaster's idiosyncratic errors. Unforecastable shocks arise from elements that cannot be controlled by the forecaster, such as changes in economic structure, market conditions, or deviations from benchmark assumptions.
3 The forecaster's idiosyncratic errors, on the other hand, stem from the forecaster's subjective views and/or model.
In the present notation, the Davies and Lahiri decomposition of regression (2)'s error term can be stated as
where k t;n represents the unforecastable shock for forecast horizon n and marketing year t, and e t;n $ i:i:d: Nð0; r 2 Þ is the idiosyncratic error. 4 The shock term k t;n can be further decomposed as the sum of i:i:d: monthly unforecastable shocks:
where k t;j $ i:i:d: Nð0; r 2 j Þ. The idea underlying decomposition (5) is that a forecast made at a date closer to the target event tends to be more precise; hence, it should have a smaller forecast error variance. The proposed error structure implies that the unforecastable shocks, k t;n , are correlated within each marketing year t, because of the overlaps of forecast horizons.
Based on the Davies and Lahiri framework, Clements, Joutz, and Stekler (2007) proposed analyzing forecast revisions. By incorporating the error structure (4)-(5) into regression (2), making the latter's intercept horizonspecific, and differencing it, the model by Clements, Joutz, and Stekler can written as lnF t;nÀ1 À lnF t;n ¼ a n À a nÀ1 þ x t;n (6) where x t;n k t;n þ e t;n À e t;nÀ1 . Importantly, Clements, Joutz, and Stekler assumed homoscedastic unforecastable shocks k t;n , and simplified the estimation of the covariance matrix of the residuals in regression (6) by ignoring the negative correlations generated by the adjacent idiosyncratic errors e t;n and e t;nÀ1 . These authors also proposed a simplification by restricting the idiosyncratic errors e t;n 's to be zero.
Proposed Model
The (weak) efficiency test used here combines the characteristics of the Nordhaus (1987) and Davies and Lahiri (1995, 1999 ) models, and expands the one proposed by Clements, Joutz, and Stekler (2007) . Succinctly, the proposed efficiency test is based on the estimation of the following system of equations for the forecast revisions:
. . .
where N is the maximum forecasting horizon for a marketing year. As pointed out in the literature (e.g., Nordhaus 1987), it is impossible to include all past information as explanatory variables in regressions like (7). Therefore, we follow Nordhaus and construct a test for weak efficiency by letting the previous forecast revision be the explanatory variable. Rejection of the null hypothesis H 0 : a ¼ b ¼ 0 for all n indicates that F t;n is a weakly inefficient forecast of S t because previous forecasts can predict forecast errors. In other words, forecasts fail to fully incorporate information contained in past forecasts.
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This system can be viewed as an improvement on both streams of the literature discussed earlier; it reduces the restrictions on the error covariance matrix by allowing for both regression error heteroscedasticity and autocorrelations. At the same time, this system introduces an error covariance structure to estimate a minimal number of covariance parameters (see the supplementary appendices online for details about the covariance structure).
Our model builds upon the Nordhaus test by further identifying the unforecastable shocks and the forecaster's own idiosyncratic residuals. Given the proposed covariance structure, system (7) can no longer be estimated by ordinary least squares because the explanatory variable lnF t;n À lnF t;nþ1 À Á is negatively correlated with the idiosyncratic residual e t;n .
6 Thus, we estimate the equations as a system by treating the forecast revisions within the same marketing year as a panel.
Allowing for heteroscedastic shocks is reasonable for forecasts of fixed events, especially for ending stocks whose forecast horizon is long and likely characterized by seasonality. For example, larger variances can be expected in early revisions of ending stock forecasts because of uncertainty from production. 7 In addition, seasonality in consumption, trade, and production patterns for many crops means that the arrival of new information varies from month to month, again making it desirable to allow for heteroscedastic shocks.
8 Given the seasonal nature of crop information, we also examine a variation of the model where a and b are allowed to differ by season, following Isengildina-Massa, MacDonald, and Xie (2012) . 9 We divide the time period into four components: pre-harvest; post-harvest but before final production is known; after final production to the first production estimate of the next crop; and after the first production estimate of the next crop to the announcement of the final ending stocks.
Autocorrelations also exist in the residuals of system (7); they stem from the idiosyncratic residuals and can be interpreted as forecasters' corrections of their own errors. For example, suppose the idiosyncratic residual in a particular year s is zero, except for misinterpreting a piece of information when issuing the nth forecast, causing it to unduly underestimate the ending stocks. That is, e s;m6 ¼n ¼ 0 and e s;n > 0. Then, the revision for the nth horizon ðlnF t;n À lnF t;nþ1 Þ will be smaller (by Àe s;n ) than it should be, and it will be followed by an ðn À 1Þth revision greater (by e s;n ) than it would have been otherwise. The Nordhaus model does not build in this feature due to their strong i:i:d: assumptions on the idiosyncratic errors.
In the present application, the maximum horizon (N) exceeds twelve months. Hence, there are instances where ending stock forecasts for two consecutive crop years are issued simultaneously. Since shocks for consecutive crop years are likely to be positively correlated (e.g., a negative demand shock will likely result in higher ending stocks for both the current and the following marketing year), we estimate system (7) in two ways, one assuming that concurrent unforecastable shocks for consecutive marketing years (i.e., k t;n and k tþ1;nþ12 ) are positively correlated, as described in the supplementary materials online, and the other assuming no correlation across the years.
Data and Estimation Methods
The data used for the analysis are the U.S. ending stocks and their corresponding USDA monthly forecasts for three major agricultural commodities-corn, soybeans, and wheat-for marketing years 1985/86 through 2014/15 (i.e., a total of thirty marketing years).
Ending stocks for the United States are obtained from the Grain Stocks Report released by NASS. The report is issued quarterly, typically in early January, and at the end of March, June, and September. Specifically, ending stocks data for corn and soybeans are retrieved from the September report (the first report after the end of the U.S. marketing year for these two commodities), whereas ending stock data for wheat are retrieved from the June report. 10 7 For example, shocks to production output, such as weather conditions, can be substantial. 8 This is a concern in the forecasting literature, as noted by Lahiri and Sheng (2008) . 9 We thank a reviewer for suggesting this modification. 10 In rare occasions there have been revisions of the ending stocks in the Grain Stocks Report, but they have been typically quite small. Irwin, Sanders, and Good (2014) detail many of the reasons these adjustments occur. In this situation, we use the finalized ending stocks in later reports.
Usda Forecasts Of Crop Ending Stocks
The USDA monthly forecasts are retrieved from the WASDE reports. The U.S. marketing year for corn and soybeans starts on September 1 and ends on August 31 of the following calendar year. For both crops, the first USDA ending stock forecast for a marketing year is released in May before the marketing year begins, so that N ¼ 17 months for corn and soybeans. The last forecast is released in September, after the marketing year ends and before the release of the ending stock of that marketing year.
The U.S. marketing year for wheat is different for corn and soybeans, as it starts on June 1 and ends on May 31 of the following calendar year. However, the first USDA forecast for wheat ending stocks is also released in May (together with the first forecast for corn and soybeans), and the last forecast is released in June of the following calendar year. Thus, N ¼ 14 months for wheat.
All of the data are transformed into logarithms to fit model (7). Table 1 shows the descriptive statistics for the USDA log forecast revisions ðlnF t;nÀ1 ÀlnF t;n Þ for all three commodities. The means of the log forecast revisions for corn and soybeans are slightly negative, at À 0.3% and À1.6%, respectively. The mean for wheat is slightly positive, at 0.1%. The medians for corn and wheat are zero, whereas for soybeans it is slightly negative (À0.8%). The standard deviations are considerably larger for corn and soybeans (for which they exceed 10%) than for wheat (6.3%). Given the size of the standard deviations, the means and medians are not significantly different from zero. The range of revisions is largest for soybeans, from À48.8% to 75.7%. Revisions for corn range from À64.8% to 41.0%. The smallest range corresponds to wheat, from À22.2% to 23.0%.
Figures 1a and 1b depict the standard deviations of the log forecast revisions, displayed in order of diminishing forecast horizons. For all three commodities, the standard deviations exhibit a decreasing trend as the forecast horizons shorten, except for the final revision. The largest errors in final revisions occur for soybeans, whereas the smallest ones are observed for wheat. In addition, standard deviations are generally greater for corn and soybeans than for wheat. The patterns highlighted in figure 1 align with other USDA and private crop reports released during the forecast period. For example, the higher peaks in the series occur in the months of March, June, September, and December, which line up with the quarterly updates for the Grain Stocks report. Other reports, such as the weekly export sales and monthly soybean crushing report, also provide periodic but potentially surprising information about ending stock levels. It is clear from figure 1 that the standard deviations of log forecast revisions vary substantially by forecast horizon, highlighting the importance of allowing for heteroscedasticity in the estimation model. 
The proposed model is estimated using Bayesian MCMC methods, which greatly facilitate dealing with heteroscedasticity, autocorrelation, and the complex covariance structure underlying system (7). Another advantage of the Bayesian approach is that it yields full posterior distributions for the parameters of interest. This feature is particularly useful when researchers try to characterize the property of parameters with a skewed posterior, such as error variances. The joint posterior distributions of the parameters of the model, the choice of priors for the parameters, and the steps involved in the MCMC iterations are shown in the online supplementary materials.
Results and Discussion
Estimation results for the marketing years 1985/86 through 2014/15 are summarized in tables 2 and 3. These results are for the model given no correlation across the marketing years. The results incorporating correlation Note: Asterisks ***, **, and * denote that the parameter estimate is different from zero at the 1%, 5%, and 10% level of significance, respectively, because the posterior probability of the parameter estimate being greater than zero is either less than 0.5%, 2.5%, and 5%, respectively, or greater than 99.5%, 97.5%, and 95%, respectively. Probability indicators are omitted for the standard deviations of unforecastable errors and idiosyncratic errors because they are non-negative by construction. a indicates that r n is the standard deviation of the unforecastable shock corresponding to the n-month forecast horizon. For example, for corn and soybeans, r 16 is the standard error of unforecastable shocks between June and July for forecasts of the following marketing year's ending stocks; r 1 is the standard deviation of the shock corresponding to the final forecast revision, that is, the final forecast error. b indicates that the first month listed is for corn and soybean, and the second month listed is for wheat. indicates that r n is the standard deviation of the unforecastable shock corresponding to the n-month forecast horizon. For example, for corn and soybeans, r across the years are very similar and are reported in the online supplementary materials. Gelman and Rubin (1992) test statistics are below 1.01 for all parameters for all three commodities, which strongly suggests convergence of the Markov Chains. Table 2 displays the means and standard deviations for the estimated parameters, including the intercept, slope, and the standard deviations of the unforecastable shocks and the idiosyncratic errors. Table 3 reports the 2.5%, 50%, and 97.5% quantiles of the corresponding parameters. Parameter estimates can be compared among all three commodities because forecast revisions are all measured in natural logarithms (i.e., percentage values). The intercept a represents the bias of the USDA forecast revisions. For corn and wheat, the estimated intercepts are positive but small, with zero contained in the 95% credible interval. Therefore, we cannot reject the null hypothesis that USDA corn and wheat forecast revisions are unbiased. In contrast, for soybeans the mean estimate of a is À 1.8%, which is statistically significant as zero is not included in the 95% credible interval. This estimate indicates that, on average, the USDA adjusts its forecast down by 1.8% each month. Given that the average level of soybean ending stocks over the period is 256 million bushels, this 1.8% monthly adjustment, on average, represents roughly five million bushels. Thus, the USDA has a tendency to overestimate the ending stocks of soybeans over the course of the marketing year. This downward adjustment may not seem large on a monthly basis, but over a longer timespan it is substantial. The estimate implies that early forecasts of soybean ending stocks are considerably upwardly biased, on average; for example, the forecast released in June for the ending stock of the following marketing year (F t; 16 ) tends to overestimate the ending stock by over 25%.
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Coefficient b measures the association between two adjacent log forecast revisions, accounting for the endogeneity of past revisions. For all three commodities, the mean estimates of b are positive and significant at the 1% level, indicating inefficient forecasts. The mean estimate for corn is 0.163, meaning that if the USDA adjusted its forecast up by 10% in the past month, on average it will revise its forecast up by about 1.6% in the current month. The slope estimate for wheat is slightly higher at 0.182, implying that if the USDA adjusted its forecast up by 10% in the past month, on average it will revise its forecast up by about 1.8% in the current month. The largest b estimate corresponds to soybeans, which at 0.337 is almost twice as large as the estimate for wheat.
The slope estimates show that the USDA is conservative in adjusting its ending stock forecasts for all three crops. In other words, the most recent USDA forecast does not fully represent the arrival of new information because it smoothes its forecasts. To see this, a positive value of b as found here implies that the USDA log forecast issued on a particular month (lnF t;n ) is a weighted average of the "optimal" log forecast corresponding to that month (lnO t;n ), and the USDA log forecast the month before (lnF t;nþ1 ), that is,
Alternatively, this expression can be written as
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according to which the USDA log forecast can be interpreted as the optimal forecast plus an adjustment proportional to the extent to which the previous USDA forecast is greater/smaller than the optimal forecast. For the case of corn (soybeans, wheat), expression (8) implies that the USDA assigns a weight of 86% (75%, 85%) to the "optimal" forecast, and 14% (25%, 15%) to its own previous forecast. The present results are consistent with previous research showing that government agencies have a tendency to smooth their forecasts (e.g., Isengildina, Irwin, and Good 2006) . An interesting question is why the USDA is conservative in its crop ending stock forecasts. Isengildina, Irwin, and Good (2006) summarized several reasons that could help explain why government agencies smooth their forecasts. These authors claimed that for USDA crop production forecasts, the smoothing stems from conservative farm operators' assessments and bias in using information.
Ending stock forecasts, however, are quite different from production forecasts. Whereas the construction of production forecasts is based on surveys and satellite images, ending stock forecasts combine predictions of various components of both demand and supply, which are inherently more subjective. Vogel and Bange (1999) state that, "Throughout the growing season and afterwards, estimates are compared with new information on production and utilization, and historical revisions are made as necessary." Therefore, the USDA may include past forecasts when computing revised ending stock forecasts, as the ending stock forecasts require much more subjective analysis on the demand side of the balance sheet. In this way, a revised forecast can possibly be a weighted average of earlier forecasts and current estimates. Table 2 also reports the standard deviations of the monthly unforecastable shocks; it can be seen that they tend to increase as the forecast horizon lengthens. For corn and soybeans, the shocks are typically large for the first seven months of a forecasting cycle. This is to be expected because at that stage the actual level of U.S. output has not been fully revealed, adding another layer of uncertainty to the ending stock forecasts. Later forecast revisions are mainly attributed to the demand side only, and hence shocks are typically smaller.
For corn, the standard deviations of the monthly unforecastable shocks range from 2.5% to 23.0%. Large shocks are expected to arrive in revisions in pre-marketing year July (20.5%), pre-marketing year August (23.0%), October (15.3%), and January (13.2%).
11 These shocks align with the quarterly stock updates from USDA and are consistent across the crops. In addition, the January revision corresponds to the release of the final production forecast of that marketing year, and signals the end of the role of domestic production in the USDA ending stock forecasts. Shocks in March (2.6%) and June (2.5%) are the smallest.
In the case of soybeans, the standard deviations of the unforecastable monthly shocks range from 2.9% to 24.6%. Large shocks are expected in revisions in all of the first five months of the forecasting cycle from July to November. The October shock is the largest at 24.6%, whereas the other four early shocks are at around 14% each. October is also the time of the first revision of the corresponding soybean production forecasts. Contrary to the case of corn, the January shock (8.1%) is not large compared to other early shocks.
For wheat, the standard deviations of unforecastable shocks lie in a much narrower range, namely, 3.1% to 10.9%. Large shocks are expected in revisions occurring in July (10.9%), August (9.8%), and October (8.7%).
For all three crops, there is a noticeable jump in the standard deviations of the shocks corresponding to the final forecast revisions. This shock measures the difference between the USDA's final forecasts and the actual ending stocks, which is different in nature from the other forecast revisions. The estimate is largest for soybeans (16.9%) and smallest for wheat (6.7%). For corn, the estimate is 8.8%. A possible explanation for this finding could be that the models used by the USDA may not incorporate some important information, which can last for as long as the full forecasting cycle. Hence, when the final stocks are released, that information becomes suddenly captured as unforecastable shocks in the proposed model, resulting in large final revisions. Another possible reason could be that the USDA obtains a backlog of additional information prior to the final revision that changes the usage patterns from what was previously expected. A third potential reason could be that unexpected, large demand changes occur during the final month of the marketing year.
The estimates of r represent the standard deviations of USDA idiosyncratic residuals, the forecast errors that remain after the bias, inefficiency, and unforecastable shocks are accounted for. The mean estimates of r are 0.9% for corn, 1.9% for soybeans, and 1.1% for wheat. These results reveal that the idiosyncratic residuals are quite small (less than 2% of the final crop stocks), as their standard deviation is smaller than the standard deviations of all of the unforecastable shocks for the respective crop.
Have USDA Crop Ending Stocks Improved over Time?
To verify the robustness of the results, and to investigate whether the USDA forecasts have improved over time, we also estimated the model for each of the three decades 1985/86-1994/95, 1995/96-2004/05, and 2005/ 06-2014/15 . The results are summarized in table 4.
Overall, the decadal estimates are remarkably consistent with the estimates obtained using the entire period. In the case of the intercept, a, all of the three sub-period mean estimates are small and non-significant for corn and wheat, but significantly negative for soybeans. The mean estimates of the slope b are all significantly positive, except for wheat in the most recent decade (for which the mean estimate is 0.113, but not significantly different from zero). Perhaps the most intriguing finding is the noticeably greater slope estimate for soybeans in the most recent decade (b ¼ 0.500), implying that if the USDA adjusted its soybean forecast down by 10% in the past month, on average it will revise its forecast down by about 5% in the current month. This result is consistent with the recent concerns raised in the soybean industry regarding the performance of the USDA ending stock forecasts for soybeans. Over the past ten years, soybean exports have grown substantially, moving from one-third of the crop's usage in 2005/06 to Applied Economic Perspectives and Policy Intercept ( 
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Note: Asterisks ***, **, and * denote that the parameter estimate is different from zero at the 1%, 5%, and 10% level of significance, respectively, because the posterior probability of the parameter estimate being greater than zero is either less than 0.5%, 2.5%, and 5%, respectively, or greater than 99.5%, 97.5%, and 95%, respectively. Probability indicators are omitted for the standard deviations of unforecastable errors and idiosyncratic errors because they are non-negative by construction.
a indicates that over the period analyzed, the timing of the NASS grain stocks report release has shifted in some instances. For example, the quarterly update for December was previously released at the end of December and is now released in mid-January, in tandem with the release of the WASDE report.
b indicates that r n is the standard deviation of the unforecastable shock corresponding to the n-month forecast horizon. For example, for corn and soybeans, r nearly half of the crop's usage currently. Within the soybean industry, there has been concern that the USDA demand and ending stock estimates were not adequately capturing the export demand growth, resulting in higher ending stock estimates and lower crop prices. The findings here tend to support that supposition.
Seasonal Patterns in the Inefficiency?
Given the results shown above and the seasonal pattern of the information flow during the marketing year with production, demand, and ending stock estimates, we modified the model to allow the intercept and slope terms to vary across sub-periods, determined by the set of information within each sub-period. 12 The sub-periods are as follows: (i) pre-harvest; (ii) post-harvest but before final production is known; (iii) after final production to the first production estimate of the next crop; and (iv) after the first production estimate of the next crop to the announcement of the final ending stocks.
In the pre-harvest sub-period, both supply and demand are forecast from economic models and expert experience. For corn and soybean, this subperiod covers June to August before harvest. For wheat, this sub-period is not defined, nor estimated. We refer to the pre-harvest sub-period with subscript IV. In the post-harvest sub-period, supply estimates are informed by producer surveys and in-field observations, while demand estimates are still derived from economic models and expert experience. For corn and soybean, this sub-period covers August to February. For wheat, this sub-period covers June to October. We refer to the post-harvest sub-period with subscript III. In the final production sub-period, supplies are essentially set, while demand estimates are updated with ongoing usage. For corn and soybean, this sub-period covers February to May. For wheat, this sub-period covers October to May. We refer to the final production sub-period with subscript II. In the first production estimate of the next crop sub-period, information about the next crop could influence forecasts of crop usage in the months just before harvest. For corn and soybean, this sub-period covers May to October. For wheat, this sub-period covers May to July. We refer to the final sub-period with subscript I. The results are summarized in table 5.
Overall, the sub-period estimates are consistent with the earlier estimates. In the case of the intercepts, a, the vast majority of the sub-period mean estimates are small and non-significant for corn and wheat, with the exception being in the final sub-period for wheat. Three of the four intercepts are significantly negative for soybeans, with the only exception being the postharvest sub-period (a III ). Since the as represent bias, the corn and soybean ending stock estimates have the largest bias in the pre-harvest sub-period (IV), while the wheat stocks have the largest bias in the final sub-period (I). The mean estimates of the slopes bs are all significantly positive. As the bs measure the association between adjacent log forecast revisions, the associations grow stronger as the final ending stocks numbers approach for soybean and wheat. For corn, the associations are stronger in sub-periods II and IV. Meanwhile, the standard deviations for the unforecastable monthly shocks remain very close to the estimates from the restricted model, but the standard deviation for the idiosyncratic residuals increases. Note: Asterisks ***, **, and * denote that the parameter estimate is different from zero at the 1%, 5%, and 10% level of significance, respectively, because the posterior probability of the parameter estimate being greater than zero is either less than 0.5%, 2.5%, and 5%, respectively, or greater than 99.5%, 97.5%, and 95%, respectively. Probability indicators are omitted for the standard deviations of unforecastable errors and idiosyncratic errors because they are non-negative by construction. a indicates that subscripts for slopes and intercepts increase with the length of the forecast period of the equation involved. For corn and soybean, coefficients with subscript I (II, III, IV) correspond to equations where the dependent variables are the Final-September, September-August, August-July, July-June, and June-May (May-April, April-March, and March-February; February-January, January-December, December-November, November-October, October-September, and September-August; August-July and July-June) innovations. For wheat, coefficients with subscript I (II, III) correspond to equations where the dependent variables are the Final-June and June-May (May-April, April-March, March-February, February-January, January-December, December-November, and November-October; OctoberSeptember, September-August, August-July, and July-June) innovations. b indicates that r n is the standard deviation of the unforecastable shock corresponding to the n-month forecast horizon. For example, for corn and soybeans, r 16 is the standard error of unforecastable shocks between June and July for forecasts of the following marketing year's ending stocks; r 1 is the standard deviation of the shock corresponding to the final forecast revision, that is, the final forecast error.
Usda Forecasts Of Crop Ending Stocks

Conclusions
We develop a framework to investigate the efficiency of USDA crop ending stock forecasts based on the works of Clements, Joutz, and Stekler (2007) , Nordhaus (1987) , and Davies and Lahiri (1995, 1999) . The proposed model analyzes adjacent forecast revisions with an emphasis on the link between forecasts and the forecast target. The residuals are decomposed as the sum of monthly unforecastable shocks and the USDA's own idiosyncratic errors. The postulated error covariance matrix then exhibits heteroscedasticity (due to the unforecastable shocks), as well as autocorrelation (due to the idiosyncratic errors).
We apply our estimation framework to USDA ending stock forecasts for three major agricultural commodities-corn, soybeans, and wheat. A total of thirty marketing years, from 1985/86 to 2014/15, are investigated. Estimation is conducted using a Bayesian MCMC approach. This method allows us to estimate the coefficients and the error covariance matrix in the same iteration. The MCMC method also allows the parameters to vary freely, so that the estimation results can be used to validate the postulated structure of the residual covariance matrix.
Results show that the USDA forecasts are weakly inefficient for all three commodities. Forecast revisions for soybeans are biased: the USDA has a tendency to overestimate the ending stocks for soybeans. We cannot reject the null hypothesis that the USDA forecasts for corn and wheat are unbiased. The slope coefficients for three commodities are all positive and significant, providing strong evidence against efficiency. The significantly positive slope estimates suggest that the USDA is conservative in adjusting its forecasts, and it puts positive weight on its past forecasts. Based on the seasonal analysis, this weight tends to increase as the marketing year ends. We also find that the unforecastable shocks are heteroscedastic. Unforecastable shocks corresponding to early forecast revisions are typically large. Interestingly, shocks corresponding to the final forecast revisions (i.e., the difference between the USDA's final forecasts and the actual ending stocks) are also large for all three crops. The large percentage of final adjustment may be due to the tendency for the final stock number to be smaller, hence any adjustment would look larger on a percentage basis. In their analysis of stocks, Irwin, Sanders, and Good (2014) summarized that the USDA, via the WAOB, may not be directly forecasting stocks, but instead are forecasting crop usage, with the stocks being determined by an accounting identity (ending stocks ¼ beginning stocks þ yearly supplies -yearly usage). The results from Botto et al. (2006) outline how the errors in forecasting production and usage will transfer to stock forecasts.
Our estimates also suggest that the overall quality of the USDA's ending stock forecasts has remained largely unchanged over the last thirty years. At the individual crop level, however, forecasts for wheat seem to have become less inefficient in the most recent decade, whereas for soybeans they have become substantially more inefficient. There are some distinct seasonal patterns to the inefficiencies, especially for soybeans. These inefficiencies could have significant impacts as Congress has shown that it is willing to incorporate the USDA projections into agricultural and energy policies, as displayed by the efforts to tie the Renewable Fuels Standard to crop ending stock estimates. As Irwin and Good (2016) point out, inefficiencies in ending stock projections likely lead to inefficiencies in crop price estimates. Such Applied Economic Perspectives and Policy inefficiencies would affect projected government payments and budget baselines for determining federal agricultural policies. For example, under previous farm bills, advance farm bill payments were based on preliminary crop price estimates. Such projection inefficiencies can have a direct impact on government expenditures.
Concerns, such as those voiced by the soybean industry, that the USDA ending stock estimates were not adequately capturing the export demand growth (e.g., see Alumbaugh 2016) , resulting in higher ending stock estimates and lower crop prices likely have some merit. In the past, the USDA has held conferences to explore improvements to its forecasting capacity. Our results suggest the potential for some systematic improvement by incorporating the implicit smoothing that seems to be occurring in the forecasts. As Isengildina-Massa, MacDonald, and Xie (2012) suggest, the USDA may wish to establish a systematic process to evaluate forecast performance to outline potential improvements to the models and data sources used. However, it also points to the need for additional information on potential export demands and the coordination of the WAOB staff with their colleagues filing export briefs for the Foreign Agricultural Service of the USDA. Thus, efficient ending stock projections are important for both market and policy guidance.
Given that USDA forecasts are found to be inefficient, an interesting question worth exploring is whether there are any forecasters who can provide better forecasts. In recent years, private analysts have provided their own ending stocks forecasts. For crop production, Garcia et al. (1997) found a decline in the informational value of USDA forecasts. However, the comparisons between the USDA's and analysts' stock forecasts have never been addressed before. Thus, it would be worth investigating whether analysts are efficient in forecasting ending stocks, and whether the analysts' forecasts can improve upon the USDA forecasts.
